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ABSTRACT
Blog Information Classification

by Nishant Patel

Information Classification is the categorization of the huge amount of data in an efficient and
useful way. In the current scenario data is growing exponentially due to the rise of internet rich
applications. One such source of information is the blogs. Blogs are web logs maintained by their
authors that contain information related to a certain topic and also contain authors view about
that topic. Micro blogs, on the other hands, are variations of blogs that contain smaller data as

compared to blogs. Nevertheless, it also contains rich information.

In this project, Twitter, a micro blogging website has been targeted to gather information on
certain trending topics. The information is in the form of tweets. A tweet is a post or an update
on status on the Twitter website. These tweets are extracted using Twitter Search APIs. This data
is then classified into different classes based on its content. Using the classified data, features are

extracted from the tweets and suggestions are given to the users based on the trending topics.
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1. Introduction

In information technology, data sets are growing at a very pace. So much so, that the current
magnitude of online data is of the order of petabytes, exabytes and zetabytes. Classification of
such unstructured data is the need of the hour as it is a very rich source of information. In this
project, blogs have been targeted as the source of information as they contain data pertaining to
trending topics. More specifically, twitter micro-blogging site is targeted that contains micro-
blogs. It is called as a micro-blogging site because there is a limit to number of characters that

one can use to tweet. This limit is 140 characters per tweet.

Blog is a collection of articles arranged in reverse chronological order. Blog, in technical term is
a collection of text entries but in real world, it means much more than that. People like to
communicate and express themselves, but not everyone gets an opportunity and a platform to
express them. Blogs came into existence with web 2.0 which gave everyone a chance to put their
thoughts online for everyone to read. This not only lets everyone share their thoughts and
experience but also plays a very important role in setting up trends. In the last ten years, blogs
have played a big role in politics. Several candidates have used blogs to express their views on
certain issues and this has had a huge influence on their campaign. "I saw the influence of blogs
on the campaign of Howard Dean for president,” David Perlmutter, associate dean and professor
of journalism at KU, writes on his own blog [1]. Weblogs or blogs started as a place for
individuals to put on their personal thoughts or we can say the blogs were a new form of personal
journals for people but gradually blogs started influencing people's opinion as well. Because of
the Internet, these personal journals or thoughts can reach a large number of people, to which
other people react and post comments or start a new thread. The number of readers and writers of

the blogs keep on multiplying and during that time, a not very well known topic reaches out to



the whole world. People who are not really fond of writing big articles or maintaining a blog too
play an important role. They read blogs and form their own opinions accordingly and hence
everyone is influenced in some way. Micro-blogs like Twitter posts or Facebook status messages
have brought blogging to a whole new level where any news travels faster than any other
medium. Celebrities like Hollywood actors post micro-blogs on Twitter and are followed by
millions of fans. A single twitter post about a product or a trend can influence those millions of

fans in hours.

Twitter micro-blogs capture information every second (even less). Everyone is using Twitter
these days and they seem to quite active on updating the statuses that contain news, trending
topics etc. You know, sharing little messages with each other on phones and computers. It turns
out that all these little messages, if you look at them all at once, become an easy way to find
people, news and trends. If these tweets are captured and structured in totality they serve as an
amazing pool of information to deal with. The town would have a resource for knowing what's
interesting and who's talking about it. This is what Twitter Search has done for Twitter - it
captures and organizes every tweet so that it's possible to find people and specific information in
real time [2]. Twitter data keeps on changing at a moment-by-moment rate. It reflects
consciousness of the public. This data is an ocean of opinions, emotions, sentiments and other
information that is difficult to synthesize in a raw data format. For example, if one uses Twitter
to search for “iPhone’ then he will get a whole lot of information regarding its usage, features,
recommendations, likes, dislikes etc. But this raw tweet data is unstructured and does not provide
any direct way of analysis or does not provide any statistics that a user can use to make an

opinion about the current trends. To address these limitations of the raw data synthesis, we have



developed an application that classifies the information in the form of tweet data and provides
the end user with meaningful and classified data. It also provides trending topics statistically that

helps user to make choices between different features.

Blog Information Classification starts with user entering a search keyword in the browser. That
keyword is taken as an input on client side and sent to the web service that generates a file of
tweets. This web service is written in PHP. It uses Twitter Search API to get all the information
the tweets. The Twitter Search API is a dedicated API for running searches against the real-time
index of recent Tweets. This information is received as a json object. This json object is parsed
to get the textual information of the tweets. Once this information is parsed, it is saved into a file.
The file format of the tweet file is not specific. Rather flat files are used to save the tweets onto
to persistent medium. Tweets are saved as one tweet per line i.e. all the tweets are newline

separated. This tweet file is served as an input to the classifier code.

The classifier module keeps listening to the input file and regularly fetches data for
classification. These tweets are then synthesized by the classifier module. They are first broken
into tokens and these tokens are processed against the data dictionaries that are specific to the
classes. Data dictionaries contain class-specific keywords that tells whether the tokens obtained
from the tweets are either objective, positive, subjective negative etc. The classifier module is
scalable in terms classes. Any number of classes can be added as data dictionaries that will give
the user an advantage of further classifying the data. The dictionaries used in the classifier are in
the form of text files that contains machine-learned or trained data sets of the specific class. For
example, dictionary for positive class will contain a large number positive keywords or words

that have positive sense or sentiment. The baseline classifier used is Naive Bayes classifier. It



will be further explained in detail in subsequent sections. It classifies the tweets into respective

classes and writes it into a comma-separated-value file.

The library used for Naive Bayes classifier is NLTK. Natural Language Toolkit (NLTK) is an
open source program, modules and problem-sets that provide computational linguistics. NLTK
covers symbolic and statistical natural language processing, and is interfaced to annotated
corpora [3][14]. The prominent features of the NLTK module used are nltk.classifier and
nltk.classifier.feature. The first feature defines the basic data types and interfaces that are used to
define the text classification task and the classifier training task. The second one defines data
types, classes, and interfaces used for feature-based classification. Features provide a standard
way of encoding the information used to make classification decisions. This standard encoding
allows the same classifier to be used to solve many different problems.[4] Other features of
NLTK are spam-filtering, plagiarism detection/ document similarity, document categorization/
topic detection, phase extraction, smarter search, sentence/word tokenization, text classification

etc.

The web service that is present at the middle ware of the application keeps listening to the csv
file and once it finds the end of file, it takes all the rows of the csv file and converts it into a json
object. This json object is sent to the client side that is received by the client code through AJAX
request. The client uses data charting libraries for processing the data and presenting it in user

friendly form. These libraries present a very effective and efficient medium of analyzing data.



2. Theoretical Concepts

The underlying purpose of this project is to classify blog data. Classification of the unstructured
data can be done with help of a classifier. There are many classifiers available for example,
Maximum Entropy Classifier; Kernel based Semi-Naive Classifier among others. For this
project, | have chosen Naive Bayes Classifier because of its ease of use, simple design and
ability to solve complex problems. In this section I will explain in detail about the theoretical
concepts and methodology involved in Naive Bayes Classification. Then, | will illustrate the

application of this classifier with a simple example.
Naive Bayes Classifier

A Naive Bayes Classifier is based on the concept that the presence of a feature in a class is
independent of the existence of any other feature in that class [15]. For example, an eatable
orange in color, having round shape and citrus in nature can be considered as orange. It may
happen that these features are dependent on each other or dependent on the other features of the
same class. But in naive Bayes classifier all these features independently contribute to the

probability that the eatable is orange.

Naive Bayes classifier can be trained very effectively using proper learning methodologies. It
depends on the kind of probabilistic model used. The design of Naive Bayes model is very
simple in terms of complexity. Despite that, it has been proved that it is able to solve an array of
complex real world problems. In 2004, analysis of the Bayesian classification problem has
shown that there are some theoretical reasons for the apparently unreasonable efficacy of naive
Bayes classifiers [5]. For estimating the parameters (variances and means of the variables) only

small amount of training data is required. For each class it requires only the variance of the



variables to be determined because independent variables are assumed. It does not require the

entire covariance matrix.

The Naive Bayes probabilistic model of classifier is a conditional model:

p(C|F,. .. Fy)

Figure 1 Probability Model for Naive Bayes Classifier

(source: http://en.wikipedia.org/wiki/Naive_Bayes_classifier)
where, C = number of classes or outcomes

F,= variables for the Features

A large number of features or very large value of the feature makes this probabilistic model

infeasible. Therefore, this formula is remodeled into the following:

L F(C} F(Fl!"'!Fn|C}
p(C|F1_,...,Fn}— P(Flg---_-Fn} :

Figure 2 Reformulated Probability Model for Naive Bayes Classifier

(Source: http://en.wikipedia.org/wiki/Naive_Bayes_classifier)

In layman terms, it can be explained as:



prior X likelihood

posterior = .
evidence

Figure 3 Reformulated Probability Model for Naive Bayes Classifier (in simple terms)

Well, the main goal of the classifier is to find the number of classes represented C. Therefore, the
denominator of the above formula is not of much interest to us and is mainly constant. We

concentrate on the numerator. It can be re-written as the following:

p[G!Fla"'!Fﬂ)

EP(C}F(FH"'!FHlC}
IF[C) F[F1|C) P[FE:- - !Fﬂ|G! Fl)

GE_IJ(C) _IJ(F1|C) _F(FE|C! Fl) F(FE!' b !F'J"-L|G! FI!FE}
DCP(C) P(F1|C) P(F2|C.~ Fl) P(F3|C.~ Fl_-FE) P(F:;_----_-anthFz;Fa}

x p(C) p(Fi|C) p(F|C, Fr) p(F3|C, Fi, Fa) ... p(F|C, Fyy Fo, Fa, ... Fq).

Figure 4 Applying Chain-Rule on the Probability Model for Naive Bayes Classifier

(Source: http://en.wikipedia.org/wiki/Naive_Bayes_classifier)

Now, assuming every feature F;is independent (conditionally) of all the other features in the

classifier. This means that for F;and Fj, j is not equal to .

Also,



p(F|C, F;) = p{F|C)

Figure 5 Probabilities of Fi and Fj are independent

(Source: http://en.wikipedia.org/wiki/Naive_Bayes_classifier)

Therefore, the joint probabilistic model becomes:

p(C Fy, .. ) cp(C) p(F|C) p(F5|C) p(F35|C) - -

< p(C) [[P(FIC).

p(C Fy, ... . F,) o p(C) p(F1|C) p(F|C) p(F3C)

« p(C) ] [ P(FiC).

=1

Figure 6 Joint Probabilistic Model

(Source: http://en.wikipedia.org/wiki/Naive_Bayes_classifier)

Using the above mentioned assumption of mutual independence of features for class C, the

conditional distribution becomes:

p(CIE, .., F) = 0(©) TTp(FIC)

Figure 7 Conditional Distribution for class C

(Source: http://en.wikipedia.org/wiki/Naive_Bayes_classifier)



In the above formula,

Z= a constant scaling factor called evidence. It depends on features and if features are

known it becomes constant.

Explanation of Naive Bayes Classifier with example:

Bayesian Theorem is the underlying principle of the Naive Bayes Classifier. It is aptly suited for
a very large input data set. As mentioned above, it can outperform most of the complex classifier

present, despite its simplistic design.

Let’s demonstrate the application of Naive Bayes Classifier with an example. Consider a
graph/plot of objects marked as red and yellow. They form a cluster as shown in the figure. Now
the task of the classifier is to properly assign the incoming new object to its proper class. This

task is based on the information of existing objects.



Figure 8 Plot showing clusters of objects of two classes: yellow and red

Looking at the figure we get an idea that the number of yellow objects is approximately equal to
that of the red objects. This implies that the probability of the new object to be arrived in either
of the classes is equal. For example, if there had been thrice as many yellow objects as red
objects then the probability of the new object to be a part of the yellow class would have been
thrice that of red class. In Bayesian classification this probability is known as Prior Probability.

These are based on previous experience and the numbers of existing objects.



Using the above notion we can write that:

Prior Probability of Yellow objects = No. of Yellow objects / Total no. of objects

Prior Probability of Red objects = No. of Red objects / Total no. of objects

If we consider that we a total of 60 objects of which 40 are yellow and 20 are red.

Using the above formulae:

Prior Probability of Yellow objects = 40 / 60 = 2/3

Prior Probability of Red objects = 20/ 60 = 1/3

After calculating the prior probabilities, we can now classify the new incoming object which is

colored as blue.



Figure 9 New object (colored in blue) to be classified

As seen from the diagram, the objects form a cluster. A small cluster of these objects is taken
into consideration that lies in the vicinity of the new object (say T). It’s quite likely that more the
number of objects of a particular class in the sample cluster, more will be the probability of the
new object T to belong to that class. To calculate this we count the number of objects of each

class in the sample circle (marked by green circle).

Likelihood of T given Yellow = No. of Yellow in the vicinity / Total no. of Yellow cases

Likelihood of T given Red = No. of Red in the vicinity / Total no. of Red cases



In the sample Cluster, there are approximately 3 Red objects and 2 Yellow objects. Therefore,

Likelihood of T given Yellow =2 /40

Likelihood of T given Red =3/ 20

Prior Probability results show that T should belong to yellow class but Likelihood of T being in
class Red is greater. In Bayesian classification both the probabilities are taken into consideration.

This combined probability is called Posterior Probability.

Hence,

Posterior Probability of T being in Yellow =

Prior Probability of Yellow objects * Likelihood of T given Yellow

Posterior Probability of T being in Red =

Prior Probability of Red objects * Likelihood of T given Red

Therefore, we get the final posterior probabilities as:

Posterior Probability of T being in Yellow = (2/3) * (2/40) = 1/30

Posterior Probability of T being in Red = (1/3) * (3/20) = 1/20

Conclusively, the new object T belongs to Red class because it has a higher Posterior Probability

than other classes. The same concept is used for all the new objects for their classification [6].



3. Technology Stack Used

For implementation of this project there were several options available for frameworks,
languages, packages, APIs etc. | did some preliminary analysis before jumping on to the final set

of technology stack used.

The major concern was the implementation of the Classifier. For that | tried a couple of software
and frameworks. First, | started with IBM Unstructured Information (Ul) Modeler [7]. It is a tool
developed by IBM to classify unstructured data sets into classes. These classes are based on
keywords, their size, cohesion and distinctiveness. But my purpose was to classify data
differently. Then, I tried Splunk [8] that classifies the IT data from servers and networks for the
analysis, search, monitoring and reporting. Hence, again it was not the required tool that |
needed. Finally, I explored NLTK library for classification the micro-blogging tweet data.
NLTK was originally created in 2001 as part of a computational linguistics course in the
Department of Computer and Information Science at the University of Pennsylvania [9]. | used
nltk.classify of the library that does classification. It uses Naive Bayes classification algorithm

which is very strong algorithm known for its simplicity.

For the middleware, | implemented web-services in PHP. Other options available were Java
Apache Axis 2, Python etc. But | chose PHP as it is considered one of the best server-side
languages for Web Development. This REST Web Service will get input keyword from user and
pass the tweets related to that keyword to the classifier. Then it passes back the classified data to

the client.

The goal of the project is to provide user with the classified data. For that efficient Ul

technologies should be used. The data should be easy process on the client. At the same time it is



required to be visually attractive and presentable. There are a bunch of technologies that I used
for this purpose. JavaScript, AJAX, jQuery for processing the json object on the client and
constantly fetching data from the server. HTML and CSS were used to make Ul visually
appealing. As the data was show for the purpose of analysis, there was a scope of implementing
charts. For charting there are many options available these days. Some of the most commonly
used tools are Google Charting APls, Scalable Vector Graphics, and HTML5 Canvas Solutions. |

am using HighCharts in this project for visualization of data.



4. Design and Implementation Details

The project is designed to separate the implementation on client-side and server-side. The client-
side handles the user queries and displays the result of classification back to the user on the
browser. The server receives the data from the client through the web-service and processes it
against the classifier and sends the result to the web service which in turn passes it to the client.

4.1 System Architecture
The workflow of the application is shown below:

DATA Dictionary

U AP ! it I 1

JSON
FO W
W __ e

=
sy Y. .
oy Classified tweets
JSON "
{tweet,class)
query (q)
tweet class
_— -

Client

Figure 10 System Architecture



4.2 Client - Side Implementation
As already mentioned in the above section, for implementing User Interface frontend

technologies used are HTML, CSS, JavaScript, AJAX and jQuery. The frontend makes server
side calls through jQuery and AJAX and receives the response back from the server.

This screenshot shows the code for Search input box on the User Interface followed by its Ul:

<body>
<form action="">
Enter Eeyword : <input type='text' />
</ form:>
<button>Get Classified Tweets</ /button>
<div id="parent"></div>
«div id="chart"></div>
</body>

Figure 11 Code snippet for Search Text-box

@ Mol Frelon o e . T W - o
File Edit View History Bookmarks Yahoo! Tools Help .
| E netpr/tocainostyweb..ication-web-client/ | + ' - - e
p://localhost/web...ication-web-client —
\(_-/é | localhost/webapp/twitter_temp/data-classification-web-client/ e | \- Photoloy US Customized Web Seorch P\ ®| = -
|8 Most Visited [} Getting Started 3| Latest Headlines | | Fall 2011 [=] Index of /webapp [[1] Linkedin B Java interview questions B8 Ajax: A New Approach... = SQL Indexing Tutorial
oo : s o (-0 - MR- B-w-0-F - B+ s
Enter Keyword - I
Get Classified Tweets
o "_R‘|<§ »|§|'|mmm HTML ~ | €55 Script DOM  Net [P | SEa
LT3 ‘ Edit | body < html Style Computed Layout \ DOM + |
2 <htmi> accessKey =
@ <head> accessKeyLabel "RAlt+Shifot+” ‘z‘
2] <body> contextMenu Al I |
</html> dataset DOMStringMap { }

isContentEditable false

‘onmouseenter
onmouseleave
onmozfullscreenerror  nul

# outerHTML "<body>\n<form action="">..__"chart">
</div>\n\n</body>"
# parentElement html

«click click()

Figure 12 User Interface for Search Text Box



Once the Client code receives the json object from the Web Service, it parses that data

and presents it a user friendly manner. On the top, it displays the tweet-class key-value pair in

tabular format. Then it breaks down the distribution of the classes into a pie-chart. This statistics

makes it easy for the user to do analysis for the query that he/she entered. It helps the user in

making an informed decision about any trending topic.
Following screenshots show the classified data in tabular manner:

Enter Keyword :

Get Classified Tweets

MONDAY!!I! ——= 4 only ISMINUTES get nfront ov ya macbook, iphone, computer. acer, hp, 1Pad, iPod watchN #IMWITDADRUMMER st OFFICIAL POST subjective
Fuck iphone no abre el fucking twitter :( subjective
TFhone Game:Looking into Easy Insider secrets For Dentist Chico http:/t.cohhVTSP8x subjective
add my friend code 644.238.283 on iMob 1T for the iPhone! hitp:/t.co/FdXx0AKR #mobii #imob2 #iphone #ipod #ipad subjective
Man T Toved my orange iPhone too!1T :({ objective
typing in caps on iPhone is a mission subjective
Twanna change the housing on my iPhone...but black matches with everything so I guess I'm stuck #FirstWorldProblems negative
1am selling my iphone 4 16BG (crown heights) $250 http:/t.co/tglEc6Jm subjective
#UniversalStudios w/ @ CaraBrookshire for the day. subjective
(@sarahlbxx I can't c what that says on my stupid iphone but XxXxX subjective
nopee the iphone 4 is on sale for 50, so I'm using my upgrade to get it for her and she's giving me hers (@samack3s subjective
15 Tips To Save Battery Life On #0S 5 Firmware #Apple #Pad #Phone http:/t.co/5f15R1t0 subjective
TPhone Game:Chiropractors and your Spine http:/t.coTXCoagD2 objective
My , mama said she thinking bout MY Tphone subjective
{wdsdario Cheerio! Sce this new awing coloring game for kids : Colory: Litile Red Riding Hood #FreeApps #iPad #iPhone Zappsforkids http://bit objective
WANTED APPLE MACBOOK PRO, [PHONE 4§, IPAD 4G TOP CASH (GET $85 NOW / CALL 347 501 0919) http:/t.co HXWINCDG subjective
Got my iPhone now T gotta get it unfocked... somebody help me out objective
{@shawncreed well, T figured you'd be more up on the rumors than Tam. Twant to go iPhone, but I refuse to drop down an inch of screen size. subjective

Figure 13 User Interface showing the classified data (tweets)

Following screenshot shows distribution of classes in a pie-chart



Pie Chart of Tweet Analysis

positive : 10 %

objective ; 15 %

T subjective : 60 %

negative ; 15 %

Figure 14 User Interface showing class distribution in pie-chart

4.3 Web Service Implementation
In this project | have implemented a Web Service in PHP. The advantages of implementing the

web service are:

1. Interoperability: It is one of the major advantages of Web Services. Services can be
developed in any programming languages and it uses standard internet protocols.

2. Usability: It exposes business logic of many different systems over the internet. Hence
the consumer of the service is free to choose the best among all. The consumer only
needs to change the client code for its own application.

3. Reusability: Web services provide the closest thing possible to zero-coding deployment
of such services. Hence its components are easy to be reused on the consumer’s

application appropriately.



4. Ease of Deployment: Web Services are deployed over standard Internet technologies.

Hence it can be deployed over the firewalls to some other servers as well. [10]

Components of the Web Service implemented:

1. Fetching Tweets from Twitter based on keywords:

This component is responsible for fetching the tweets from the Twitter based on the
search keywords entered by the user. For this purpose Twitter Search APIs are used.
The Twitter Search APl is a dedicated API for running searches against the real-time
index of recent Tweets [11]
There are some limitations of these APIs:

e [t does not index all the tweets but only the recent ones.

e Tweets older than a week cannot be found.

e It does not support complex queries.

e No authentication is used. Hence queries are anonymous by nature.

e Focus of the search results is on relevance not on the completeness of the

results.

While using the Twitter Search APIs best practices should be followed and URL should

be formed properly in order to make it work efficiently.

The table below lists some useful parameters in Search APIs that we will be using during

implementation [12]:



Parameters

reguires

callback

optional

geocode
optional

lang
optional

locale
optional

page
optional

Search query. Should be URL encoded. Queries will be limited by complexity.

Example Values: Enoradio

Only available for JSON format. If supplied, the response will use the JSONP
format with a callback of the given name.

Returns tweets by users located within a given radius of the gven
latitude/longitude. The location is preferentially taking from the Geotagging AP, but
will fall back to their Twitter profile. The parameter value is specified by
"latitude, longitude, radius", where radius units must be specified as
either "mi" (miles) or "Jan” (kilometers). Note that you cannot use the near operator
via the APl to geocode arbitrary locations; however you can use this geccode
parameter to search near geocodes directly.

Example Values: 37.781157, -122, 398720, 1mi

Restricts tweets to the given language. given by an 150 639-1 code.

Specify the language of the gquerny you are sending (only ja is currently effective).
This is intended for language-specific clients and the default should work in the
majonty of cases.

Example Values: 52

The page number (starting at 1) to return, up to a max of roughly 1500 results
{based on rpp * page).

Example Values: 10

Figure 15 Twitter GET Search Parameters list —Partl

(Source: https://dev.twitter.com/docs/api/1/get/search)



result_type Optional. Specifies what type of search results you would prefer to receive. The
optional current default is "mixed " Valid values include:

¢+ mixed: Include both popular and real time results in the response.
¢ recent: retumn only the most recent results in the response

¢ popular: return only the most popular results in the response.

Example Values: mixed, recent, popular

pp The number of tweets to return per page, up to a max of 100.

opuonal

Example Values: 100

show_user When true, prepends ":" to the beginning of the tweet. This is useful for readers
optional that do not display Atom's author field. The default is false.

until Ciptional. Returns tweets generated before the given date. Date should be formatted
optional as YYYY-MM-DD.

Example Values: 2010-03-28

since _id Returns results with an 10 greater than (that is, more recent than) the specified [D.

optional There are limits to the number of Tweets which can be accessed through the APL If
the limit of Tweets has occured since the since_id, the since_id will be forced to
the oldest ID available.

Figure 16 Twitter GET Search Parameters list — Part2

(Source: https://dev.twitter.com/docs/api/1/get/search)

The result of these APIs is a json object containing information about the tweets. For our purpose
we need mainly the text information of the tweet that is stored in the text parameter inside the

json object. The code snippet that does this task of parsing the json object is shown below:



/% method to get tweets searched for keyword £g */
|function getTweets (Sq){
S/ getting data from twitteﬂ

5twitter_url=“t::;:;;sea:ch.:w;::ar.::n;saa:ch.j3::?q=$q£:;;=;935;a:g=az“'
fdata = file get contents($twitter url);

£obj = json decode (£data);

fresults arr = $obj->{'results'};

return Sresults_arr; ff array containing tweets information

Figure 17 Code snippet to get tweet text from json object

2. Storing the tweet text on a persistent medium

The getTweets() method returns an array containing tweet texts. This component of the
web service writes the data into flat files (persistent medium). Following is the code

snippet for file writing:

f* method to get tweets in a flat file #/
function writetoFile (%arr) {
StweetFile = "data.txt";
for($i=0; %i « sizeof($arr):; Si++){
Scext garr[5i]-»text."\n";
f/fecho Stext:

file put contents (StweetFile, S$text, FILE APPEND | LOCE EX);

Figure 18 Code snippet to write tweet data in text file



3. Converting classifier response(csv) in json

The file generated above “data.txt” is the input to the classifier. And the classifier in turn
writes the classified data into results.csv. This file has to be parsed and convert into json
object that client side javascript can understand. The code snippet for this functionality is

shown below:

{* method to convert classifier response(xls) in j=son®/f
function csvIoJdJS0N () {

£file = fopen("results","z");

Eresult_array = array ()

while (! feof (2file))

£data = fgetcsv(5file, 2205
Ecweet = ESdatall]:

Eclass = Zdatalll]l:

Stweet class arr["tweet"] = Stweet:
$tweet class arr["class"] = $class;

array_push(Sresult_array ,Stweet_class_arr yor
fcloszse (85file) ;
£jsonobj = json encode ($result array):;

echo S5jisonobi:
return jsonob]:

Figure 19 Code snippet for converting classifier response in json

4.4 Server-Side Implementation
The central part of the server implementation is the classifier. For classification | have used

NLTK Library. It is a very powerful Python based library for Natural Language Processing.

There are several modules under this toolkit that used for variety of purposes like String



Processing, Collocation Discovery, Part of Speech tagging etc. | have used the Classification

module of this toolkit named nltk.classify.

In this subsection I will explain the working of the classifier module.
1. The python classifier keeps listening to inputdata file. Once it gets all the tweets it

passes them to classify method. And then writes the results into ‘results’ file.

2. This method is used to get classes from the specified path for the document
containing data. This routine first opens the file from the path. Then it reads the file
line by line and parses it to get the class. These classes are appended in the class
array defined at the start of the routine. Once it reaches the end of the file, it closes

the file object and returns the array of classes.

def getClassificationClass=ses {path) :

cla=sses = []

listing = os.listdir(path)

for infile in listing:
f = open(path + infile)
lines = f.readline=(})
classes.append( (lines, infile) )
f.closel()

return classes

Figure 20 Code snippet to get classification classes.

3. This method gets all the classes from the previous method puts them in array. This

data structure holds the information in the form of line (tweet) and its respective



class. After parsing the entire class array it returns the training data in an array. The

code for this routine is shown below:

def parszeTrainingData{classez):
2ll training data = []
for (line=s, aclass) in classes:
for aline in lines:

2ll training data.append((aline,aclass))
return all training data

Figure 21 Code snippet for parsing training data

4. This method gets an input of tweet array that holds all the word tokens along with
their classes (or sentiments). The intent of this routine is to get all the words from the

tweets and put them in an array. This array is returned to the caller method. The code

for this routine is shown below:

def get words in tweets (tweets):
all words = []
for (words, sentiment) in tweets:
2ll words.extend(words)
return a2ll words

Figure 22 Code snippet for extracting words from the tweets

5. This routine uses NLTK API “nltk.FregDist ()’ to get the features of the words. This
API takes a list of words as input argument and returns words along with their
frequencies in sorted order. Words which are in the form of keys are returned. The

code for this routine is shown below:



def get word features(wordlist):
wordlist = nltk.Freghist (wordlist)
word features = wordlist.keys()
return word features

Figure 23 Code snippet for getting word features

6. This method takes tweet data as input argument and forms a hash of words and their

presence in the classifier. For example: [hate, true]. The code is shown below:

def extract features (document) :

document words = set (document)
features = {}
for word in word features:
features['contains(%=2)' % word] = (word in document words)

return features

Figure 24 Code snippet for getting features and their existence in the classifier

7. We need a training data to evaluate our words for their classes. For this purpose we
train our data dictionaries. If the pickle file for classifier is not present the code trains
the input data and puts it in classifier.pickle file else it uses the existing pickle file to
load the data. In python, pickle library is used to serialize and de-serialize a Python

object structure [13]. The code to handle this situation is shown below:



if os.path.isfile('my classifier.pickle"}:
f= open('my classifier.pickle',"rkb"}
claszifier = pickle.load (L)
f.close()
word features = pickle.load(f)
f.clozse()

f= open('word features.pickle',"rb"})

else:
all training data = parselrainingData(getClaszificationClasses('classification/")):

tweets = []
for (words, sentiment) in a2ll training data:
words filtered = [e2.lower() for e in words.splic() 1if len(e) »>= 3]

tweets.append ( (words_ filtered, sentiment}))
word features = get word features(get_words_in tweets (tweets))
training set = nltk.classifv.apply features(extract_features, tweets)
clagsifier = nltk.NaiveBayesClazgifier.train(training zet)

f = open('my classifier.pickle', 'wb'}
)

pickle.dunp{classifier, £,1
f.clozse()

f = open('word features.pickle', 'wb'}
pickle.dunp (word features, £,1)
f.close()

Figure 25 Code snippet to load the data into pickle file

The entire server-side implementation process for the Classifier can be summarized in the figure

below:



Positive MNegative 3 Word

tweets tweets features

Training ¢ Features

set extractor
Classifier |ef—— Features - Tweet

extractor

———23»] Positive

—— Megative

Figure 26 Workflow of Classifier

(Source: http://www.laurentluce.com/posts/twitter-sentiment-analysis-using-python-and-nltk/)

4.5 Debugging Methodology:
In the server-side implementation as well as in the web-service implementation proper

debugging strategy has been used. Proper debug messages are placed at all the critical points in
the flow of execution. While developing such a complex application it is often required to use
proper tracing mechanism to keep a track of the flow. These messages are written in the
log/debug files that can be viewed later to determine the operation of the application which is not
possible to track through User Interface alone. Log files are often useful and come in handy
when there are errors in the code. Apart from that, debug messages are outputted on the console

as well in order to aid the developer to check the sequence of operations.



In the web service, debug messages are used when the request is received from the user. Then
debug message is put after all the tweets are extracted for the queried keyword. And lastly, a

debug message is put when tweets are written into the file.

The following screenshots show the application of debug messages in the web service code:

if(isset (& GET['g"']) ) {
Ifile_put_contents[”deb;g“, "DEBUG 001: reguest received: 1:”,FILE_APPEND | LOCK_EX]:I
Sformat = "json':
$q = § GET['q']:
sq_explode = explode (" ", £q):
foreach ($q_explode as $q_sach){
SH++:
if (Sx==1)
fparam .= "§q each";
else
fparam .= "3%20§g each";

Sg=Sparam;
Ifile_put_contents[”'e::g“, "DEBUG 002: reguest keyword: ”.Sq.“i:“,FILE_RPPEND | LOCE_EX): I

£ =] + o | D).
|file_put_contents[”deb;g“, "DEEUG 003: tweets received 1:”,FILE_APPEND | LOCE_EX): I

writetofile[atweetﬁrrayj;
Lile put coptepts ("re=ple=" =71 6 Ilu=h rezulc=
I file put contents ("debug", "DEBUG 004: file w:;::e:i:“,FILE_EPPEND | LOCK_EXJ;I
while(Tile gel CONTEnts( res
if(file get_ contents("resul

break;

Figure 27 Debug messages in Web Service code marked in Red

In the server code, first debug is used as long the classifier code keeps on listening to the input
data file. Then it is used when the tweets are extracted by classifier code. And lastly, it is used

when results are written into the results file.



The following screenshots show the application of debug messages in the classifier code:

while (True) :

print "DEBUG 001: LISTENING" I

while (True) :

all tweets = open("inputdata™) .read().zplictlines ()
if len(all tweetz)>0:
if all tweets[len({all tweets)-1]=—"THISISLASTIWEET":
break
print "DEEUG 001: REQUEST RECEIVED"™
tweet results = "
del all tweets[-1]

# all tweetsz = open|("inputdata®™).read().splitlines ()
Iprint "DEEUG 002: TWEETS EXTEALCTED"™ I

ITor TwWeet 1n EI.J.J._EWEETZ-S:

clagzification result = clasgsifier.classify(extract features(tweet.splic()))

Lweet resyltasdi= twest 4 " R strtclassification_result}+”E:"
print "DEEUG 003: RESULTS READY"

f = open("result=s","w")

E 4 f.write(tweet + "[|" + str(classification_result) + "\n")
f.write (tweet results)
f.cla=e ()

print "DEBUG 004: TWEETS ANALYSED :

" + str(len(all_tweets))

open{ inputdata”, "w').close()

Figure 28 Debug messages in Classifier code marked in Red

The following screen shot shows the flow debug messages in the debug file while the application

IS running:



[ CAUsers\Nishant\Downloadsdata-classiication 5 6 12\debug - Notepad NI T T . T O e
X

File Edit Search View Encoding Language Settings Macro Run Plugins Window

sAERRLHAI4ODl2eirylaxs BFETERDCEDER| &Y

T debug |
1 DEBUG 001: request received -
2 DEBUG 002: tweets received B
3 DEBUG 003: writetofile called
4 DEBUG 004: file written
5 DEBUG 001: request received:
& DEBUG 001: request keyword: vote campaign
7 DEBUG 002: tweets received
& DEBUG 003: writetofile called =
9 DEBUG 004: file written
10 DEBUG 001: request received:
11 DEBUG 001: request keyword:
12 DEBUG 002: tweets received
13 DEBUG 003: writetofile called
14 DEBUG 004: file written
15 DEBUG 001: reguest received: B

1
o

DEBUG 001: request keyword: votet20Ocampaign
17 DEBUG 002: tweets received

18 DEBUG 003: writetofile called

19 DEBUG 004: file written

20 DEBUG 111: Reading file csv

21 DEBUG 001: request received:

22 DEBUG 001: request keyword: votei20campaign

23 DEBUG 002: tweets received

24 DEBUG 003: writetofile called

25 DEBUG 004: file written

26 DEBUG 111: Reading file csv

27 DEBUG 001: request received:

22 DEBUG 001: request keyword: vote32Ocampaign

23 DEBUG 002: tweets received

30 DEBUG 003: writetofile called

31 DEBUG 004: file written

32 DEBUG 111: Reading file csv

33 DEBUG 001: request received:

%4 DEBUG 001: request keyword: iphone

35 ©DEBUG 002: tweets received -

Nermal text file length: 2547 lines: 87 Ln:28 Col:44 Sel:0 UNIX ANSI INS

Figure 29 Debug file during execution



5. Summarization

5.1 Summary
Blog Information Classification is a very useful application that helps the user to analyze the

current trends for a particular keyword. This can be achieved by classifying the Twitter blogs
into different category classes that are based on certain sentiments, opinions etc. If a user wants
to see how an android phone is trending in the current scenario, then this application will come in
handy. Twitter micro-blogs are targeted for this purpose because nowadays people are much
more active on Twitter and express their opinions freely on this micro-blogging website. Hence,
it serves a good and authentic source to measure the trends. Therefore, once the user enters
android, he/she will be provided a data in form of table that contains tweet and their class. Also,
a pie-chart will be shown that contains distribution of the classes. If, for example, positive
percentage of tweets containing “battery life” has more positive percentage then the user will
come to know that people who have used Android are happy or have positive opinion about its
battery life. This kind of analysis becomes easy with the help of Blog Information Classification
5.2 Conclusion

I completed this project as a student of San Jose State University, Computer Science Department.
This project helped me learn and understand many technologies and concepts that were alien to
me before the project. | learned how to develop REST Web Service APIs and understood their
importance in today’s world of Internet and HTTP protocols. | also took a small step towards
information classification concentrating on a relatively small source of input data called micro-
blogs as compared to the entire blogosphere. So looking at the current trends of the growing data
this application will be very helpful for users who want to get quick analysis of tons of data

within seconds.



5.3 Recommendations for Future Research
This project is developed keeping in mind the scalability perspective. For basic parsing of data

and handling the request-response mechanism, a Web Service has been used. Also, any number
of classes can be added to the classifier in order to get more classified information. This will not
change the code of the classifier as it addition of classes is easily configurable. Also, one major
point that needs to be addressed is the need of having best possible trained data for the accuracy
of the results. On the client side, option for more and more forms of data visualization techniques
should be made available for the user so that they can view/analyze the data in a manner they

want to do.
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